Marine spatial planning and ecological research call for high-resolution species distribution data. However, those data are still not available for most marine large vertebrates. The dynamic nature of oceanographic processes and the wide-ranging behavior of many marine vertebrates create further difficulties, as distribution data must incorporate both the spatial and temporal dimensions. Cetaceans play an essential role in structuring and maintaining marine ecosystems and face increasing threats from human activities. The Azores holds a high diversity of cetaceans but the information about spatial and temporal patterns of distribution for this marine megafauna group in the region is still very limited. To tackle this issue, we created monthly predictive cetacean distribution maps for spring and summer months, using data collected by the Azores Fisheries Observer Programme between 2004 and 2009. We then combined the individual predictive maps to obtain species richness maps for the same period. Our results reflect a great heterogeneity in distribution among species and within species among different months. This heterogeneity reflects a contrasting influence of oceanographic processes on the distribution of cetacean species. However, some persistent areas of increased species richness could also be identified from our results. We argue that policies aimed at effectively protecting cetaceans and their habitats must include the principle of dynamic ocean management coupled with other area-based management such as marine spatial planning.
INTRODUCTION
The world's oceans face increasing pressure from anthropogenic influences (Halpern et al., 2008) . As a result, the rate of change in distribution and population fragmentation of marine organisms has intensified over the last few decades, upsetting the equilibrium of marine ecosystems (Pitois and Fox, 2006; Worm et al., 2006; Beaugrand, 2009; Poloczanska et al., 2013) .
Marine mammals (of which cetaceans comprise nearly 70% of the extant species) are especially affected by changes in marine ecosystems and by human threats, with an estimated 74% of species facing high levels of human impact (Davidson et al., 2012; Bester, 2014) . Being large-sized top predators with a high metabolic rate, cetaceans play an important role in maintaining the structure and functioning of the marine ecosystems they integrate (Bowen, 1997; Roman et al., 2014; Kiszka et al., 2015) .
Cetaceans are expected to experience important changes in distribution due to direct effects of climate change and in response to climactic-and anthropogenic-driven reorganization of their ecosystems (Learmonth et al., 2006; Simmonds and Isaac, 2007; Moore and Huntington, 2008; Bester, 2014) . For example, drastic changes in seawater temperature are expected to affect the geographical distribution of species with narrow thermal tolerance, such as some species that occur only in the Arctic or tropical species (Learmonth et al., 2006; Simmonds and Eliott, 2009 ). In fact, Salvadeo et al. (2010) proposed that a decline in the presence of Pacific white-sided dolphins (Lagenorhynchus obliquidens) in the southwest Gulf of California could be explained by a consistent increase in water temperature in that region over three decades. Similarly, MacLeod et al. (2005) reported a decline of the relative frequencies of strandings and sightings of white-beaked dolphins (Lagenorhynchus albirostris) and a simultaneous relative increase in the strandings and sightings of the common dolphin (Delphinus delphis) in the northwest Scotland shelf and suggested that these changes could be due to distributional shift of the two species, driven by a steady increase in water temperature.
Distribution and abundance shifts of potential cetacean prey have also been recorded in some areas (e.g., Hátún et al., 2009; Chust et al., 2014; Cormon et al., 2014) . Changes in the availability, distribution and abundance of prey will probably have a great impact over cetacean populations, especially species that have specialized feeding habits (Simmonds and Eliott, 2009) .
Thus, obtaining a detailed understanding about the spatiotemporal distribution and habitat preferences of these highly mobile species is essential to manage potential hazards and forecast population effects from climate change (Guisan et al., 2013; Parsons et al., 2014 Parsons et al., , 2015 .
Cetaceans are an important marine megafauna group in the Azores, with 28 species recorded so far , and are probably a key component of the Azores marine ecosystems.
Marine ecosystems in the Azores are utilized by several economic sectors, namely commercial and recreational fishing, tourism, cargo, and passenger transportation (Abecasis et al., 2015) . Cetaceans are vulnerable to impacts from all these activities (Bester, 2014; Cressey, 2014) through direct injuries and mortality (e.g., ship collisions, by-catch), competition with fisheries, habitat degradation (e.g., chemical pollution, noise, seafloor alteration), and disturbance (e.g., whale watching). Silva et al. (2014) pooled data from several sources to provide the first coherent characterization of temporal and spatial occurrence of cetaceans in the waters around the Azores archipelago. A combination of stranding records, nautical and land based surveys were used to characterize the seasonal patterns of cetacean occurrence . Those authors also utilized cetacean encounter rates calculated using data obtained by the fisheries observer program to characterize the spatial distribution of 12 species and 2 genera in relation to bathymetry. Notwithstanding, Silva et al. (2014) did not try to investigate how these patterns are influenced by other biophysical characteristics and productivity of the ecosystem. Additionally, the maps in Silva et al. (2014) have a crude resolution, both spatially and temporally: maps were created by pooling data from all seasons together and the spatial resolution used was 10 arc-min, which corresponds roughly to 18 km at the study area latitude.
Only few other works have tried to investigate the role of environmental factors in driving the occurrence and distribution of cetaceans in the region, for a restricted number of species (e.g., Visser et al., 2011; Prieto et al., 2016) . However, that information is essential for identifying preferred and suitable habitats for each species or group of species, to identify cetacean hotspots, and to describe the interplay between cetacean populations and human activities for proper marine management.
Here we present species distribution models (SDMs) for 16 taxa of cetaceans in the Azores. SDMs have been increasingly used in marine spatial planning (MSP), especially in designing marine protected areas and for identifying areas of potential conflict between human activities and marine organisms (Robinson et al., 2011; Guisan et al., 2013) .
We utilized a presence-only modeling approach based on the maximum entropy principle (Phillips et al., 2006) to create monthly predictive cetacean distribution maps for Spring and Summer. We then combined these maps to obtain species relative richness maps to help identifying areas and seasons of increased cetacean biodiversity (Calabrese et al., 2014) .
METHODS

Study Region
Data were collected within the Azores Economic Exclusive Zone (EEZ; Figure 1 ), an isolated archipelago of nine volcanic islands disposed in three groups (Eastern, Central, and Western) aligned along a NW-SE orientation, and extending over 600 km. The archipelago is crossed by the Mid-Atlantic Ridge (MAR) between the Central and Western groups. The islands are positioned over the Azores plateau rising from the abyssal plain (∼4000 m), and defined roughly by the 2000 m depth isobath. As other oceanic islands, the Azores are characterized by steep slopes and narrow or absent island-shelves (Tempera et al., 2012) . Additionally to the islands, more than 460 seamounts and seamount-like features are found within the archipelago (Morato et al., 2008a) . These characteristics combine to create a wide range of habitat types and are responsible for complex circulation patterns that increase the ability of the archipelago to capture and retain particles and small organisms (Sala et al., 2015) . The region is largely dominated by two eastward flows generated from the Gulf Stream: the cold southern branch of the North Atlantic Current that crosses the MAR to the north of the Azores at 45-48 • N, and the warm Azores Front/Current system, a quasi-permanent feature located south of the islands at 34-36 • N (Figure 1) . Average sea surface temperature varies from 15 to 20 • C in winter and 20 to 25 • C in summer. (Figure 1) . POPA places trained observers aboard tuna-fishing vessels to monitor and collect information on the fishery and on the presence and behavior of cetaceans, seabirds and turtles. Cetacean surveying effort is conducted when the vessel is cruising or searching for fish schools. During oneffort periods, vessel position and environmental conditions are recorded every 30 min or whenever vessel course changes >20 • .
All sightings and vessel positions are georeferenced using global positioning system with datum São Braz (EPSG 2190). Sightings are coded according to reliability of species identification, from 0 (low confidence) to 3 (definitive). In this study we analyzed only sightings recorded during on-effort survey periods conducted in sea states on the Beaufort scale ≤3 and with an identification score of 3. Each sighting was considered as a single occurrence, irrespective of the number of individuals within the group.
To avoid bias from clustered points (Hernandez et al., 2006) we used a Geographic Information System (ArcGIS 10.1; ESRI, Inc.; hereby referred as ArcGIS) to identify multiple occurrences within individual grid cells in the environmental space defined by the predictor variables (see Section Environmental data). When more than one occurrence was found within an individual grid cell, one occurrence was chosen randomly (to avoid temporal bias) and kept in the dataset and all remaining occurrences within that grid cell were removed from the dataset. Since this spatial filtering means that only one occurrence per grid cell was used to fit the models, in practice the number of occurrences used to fit the models and presences (grid cells where a species was detected) is the same, even if the number of sightings reported for the species was higher.
Occurrence data were available for 18 cetacean species or groups of species, but models were created only for 16 taxa (15 species and 1 genus: Table 3 ). Only four unequivocal sightings were recorded for the humpback whale (Megaptera novaeangliae) and one for either the pigmy or dwarf sperm whales (Kogia sp.), which were considered insufficient for creating credible models (Wisz et al., 2008; Herkt et al., 2016) . Sightings of beaked whales of the Genus Mesoplodon were pooled together (Mesoplodon spp.) due to their ecological similarity and difficulty in identifying these animals to the species level at sea. Models for blue (Balaenoptera musculus), fin (B. physalus), and sei (B. borealis) whales were presented elsewhere (Prieto et al., 2016) , but here they are combined with models of other species to produce cetacean relative richness maps for the Azores.
Environmental Data
A set of 18 candidate environmental variables (Table 1) were selected based on their perceived ecological relevance for cetaceans (Baumgartner et al., 2001; Cañadas et al., 2002; Davis et al., 2002; Yen et al., 2004; Johnston et al., 2008; Santora et al., 2010; Baines and Reichelt, 2014; Mannocci et al., 2014 Mannocci et al., , 2015 . Depth was obtained from the grid-centered bedrock version of the ETOPO-1 digital elevation model (Amante and Eakins, 2009 ). Remotely sensed night-time sea surface temperature (NSST) was derived from standard mapped images (level 3, monthly average composite) collected by the Moderate Resolution Imaging Spectroradiometer (MODIS) instrument aboard NASA's Aqua satellite and obtained from the Ocean Color Discipline Processing System (Campbell et al., 1995) . Remotely sensed near-surface primary productivity indicated by Chlorophyll-a concentration (Chl-a) data was used as a proxy for secondary production and was also derived from data collected by Aqua MODIS, with the same spatial and temporal resolutions as NSST. Location and physiography of seamounts and seamount-like features were obtained from Morato et al. (2008a) and digitized as a georeferenced database.
The remaining variables were derived from those four using ArcGIS. Variables based on distance/area calculation were first processed in UTM zone 26N with horizontal datum WGS84, and then all variables were projected to an Equidistant Cylindrical projection with horizontal datum WGS84 and resampled to the same extent, with 2.5 arc-min resolution, using bilinear interpolation. Derived variables were: terrain slope; distance to shore, distance to bathymetric isoline (Dist (n) , with "n" representing isoline depth); seamount density (dSeamounts); minimum depth of seamount (Seamount_dpt); time-lagged Chlorophyll-a concentration for one ) and two ) months prior to the sighting month; local variation of Chlorophyll-a concentration (V-Chl-a; calculated as standard deviation within a 8 × 8 pixel kernel); timelagged local variation of Chlorophyll-a concentration for one (V-Chl-a (−1m) ) and two (V-Chl-a (−2m) ) months prior to the sighting month; and local variation of night-time sea surface temperature (V-NSST; calculated as standard deviation within a 3 × 3 pixel kernel).
Predictive Modeling
Our dataset comprised only presence records thus we chose to use the software MaxEnt 3.3.3k (Phillips et al., 2006; Dudík et al., 2007) to create monthly (April to September) SDMs for the 16 cetacean taxa in this study.
The MaxEnt algorithm was developed to infer species distributions from presence-only data as a function of a set of ecologically relevant environmental covariates (Phillips et al., 2006; Dudík et al., 2007) . Models created in MaxEnt can be used to produce habitat suitability maps which translate the potential distribution of the modeled species under specific environmental conditions (Phillips et al., 2006) . We have chosen to use MaxEnt partially because the algorithm has been shown to be among the best performing methods for presence-only data, yielding results comparable to presence-absence methods (Elith et al., 2006; Wisz et al., 2008; Elith and Graham, 2009; Aguirre-Gutiérrez et al., 2013; Duan et al., 2014) . Additionally, we were concerned about the effect of small sample sizes from some of the species in this study. Different works quantifying the effect of sample size on the performance of multiple species distribution modeling algorithms sugest that MaxEnt is one of the most consistent accross sample sizes, even at sample sizes lower than 10 occurrences (Hernandez et al., 2006; Pearson et al., 2007; Wisz et al., 2008; Aguirre-Gutiérrez et al., 2013) . However, it must be emphasized that even with MaxEnt, best performance is achieved when models are based on 30 or more occurrences and at lower sample sizes models can yield inconsistent results (Pearson et al., 2007; Wisz et al., 2008; Shcheglovitova and Anderson, 2013) . Details about MaxEnt theoretical principles and utilization can be found in Phillips et al. (2006) , Phillips and Dudík (2008) , and Elith et al. (2011) .
MaxEnt predictions are strongly affected by sample selection bias (Phillips et al., 2009) ; models suffering from that type of bias can be considerably improved by drawing the environmental samples from a distribution of locations with the same selection bias as the occurrence data to create an "informed" model (Phillips et al., 2009; KramerSchadt et al., 2013) . POPA survey effort is dependent on fish distribution and fishing strategies of the boat captains and is neither random, nor homogeneously distributed (Silva et al., 2002 . We dealt with sample selection (Campbell et al., 1995) .
Chlorophyll-a concentration Chl-a log10 2.5 arc-min/month mg/m 3 National Aeronautics and Space Administration (NASA) Goddard Space Flight Center's Ocean Data Processing System (ODPS) http://oceancolor.gsfc.nasa.gov. (Campbell et al., 1995) .
Seamounts
None none 10 meters unitless http://www.int-res.com/articles/suppl/ m357p017_app.pdf. (Morato et al., 2008a) .
Derived environmental variables Original variable
Slope within a 3 × 3 pixel kernel Chl-a Nigh-time sea surface temperature local variation (calculated as standard deviation within a 3 × 3 pixel kernel of NSST) V-NSST none 2.5 arc-min/month SD • C NSST bias in the POPA dataset by drawing environmental samples from a set of 10,000 randomly chosen vessel data points, thus creating informed models to correct for sampling bias (Figure 1 ).
MaxEnt accepts variables in two formats: (1) gridded, as raster datasets, or (2) in tabulated format, called "samples with data" (SWD) in the MaxEnt jargon . Raster datasets do not include a temporal dimension and thus models based on gridded datasets cannot account for seasonal changes in the variables. The only way to account for seasonality using gridded datasets is by partioning the data to produce a different model for each season, which in our case was not possible due to low sample sizes. Instead, we used SWD to enable including dynamic variables such as NSST, Chl-a, and variables derived from those. For any given sample, the values for dynamic variables were obtained for the respective month.
Cetacean occurrences and vessel data points were merged with candidate environmental variables in ArcGIS. Occurrences with missing corresponding environmental variables were discarded ( Table 2) .
Monthly (April-September) species distribution maps were produced for all species, from the individual models fitted in MaxEnt, after model tuning (see Supplementary Material S1 for details on model tuning). Dynamic environmental variables used to create those maps (NSST and Chl-a, and derived variables) were based on monthly climatologies covering the study period (2004) (2005) (2006) (2007) (2008) (2009) ). Maps were produced by MaxEnt using logistic habitat suitability scores varying from 0 (unsuitable habitat) to 1 (highly suitable habitat), and exported in rasterized format. The multivariate environmental similarity surface (MESS) function in MaxEnt (Elith et al., 2010) was used to test the similarity between environmental conditions found during model fitting and the prediction area. Subsequently, based on the most restrictive results from the MESS analysis ( Figure S1 ), prediction maps for all species were limited to an area within a buffer of 150 nautical miles around the Azores islands ( Figure S1 ). Additionally, we enabled the "fade by clamping" option in MaxEnt to prevent extrapolations outside the environmental range of the training data (Owens et al., 2013) . MaxEnt was run in command line mode using scripts, with maximum number of iterations set to 5000 for all models to guarantee model convergence.
The performance of models was assessed using two metrics: (1) the area under the receiver operating characteristic curve metric (AUC), which is threshold-independent (Fielding and Bell, 1997) , and (2) the true skill statistic (TSS), which is threshold-dependent (Allouche et al., 2006) . Calculations were performed using MaxEnt model outputs and in-built functionalities in biomod2 package for R (Thuiller et al., 2009 ).
We created test-SDMs for each species by splitting presences into training (90% of occurrences) and test (10% of occurrences) datasets using a 10-fold cross-validation procedure to estimate predictive performance on held-out folds Peterson et al., 2011) .
The AUC is widely used to assess predictive power of distribution models. In methods using presence-absence data, the AUC expresses the ability of the model to discriminate between suitable and unsuitable habitat (Fielding and Bell, 1997; Wiley et al., 2003) . In presence-only methods, however, AUC is interpreted as being a measure of the ability of the model to discriminate between known presences and environmental samples (Phillips et al., 2006) .
In presence-absence methods an AUC = 1.0 translates a perfect performance and AUC = 0.5 a performance no better than random (Fielding and Bell, 1997) . However, Wiley et al. 
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The number of initial sightings for each cetacean taxon is show for reference. The actual number of training presences can be lower than the number of sightings due to spatial filtering and quality control (please see text for explanation).
Test AUC and true skill statistic (TSS) scores indicating below moderate predictive performance are shown in bold.
(2003) have shown that for presence-only methods the maximum achievable AUC is area dependent, being a quantity 1−a/2 (where "a" is the fraction of the geographical area covered by the species' unknown true distribution); consequently, in that case, AUC always assumes a value <1 (Wiley et al., 2003; Phillips et al., 2006) . A wide range of values is used by different sources to categorize the predictive power of models based on AUC values (Merckx et al., 2011 ). Here we assumed that models with mean test-AUC values of AUC < 0.7 had poor predictive performance, 0.7 ≤ AUC < 0.8 moderate, and AUC ≥ 0.8 good to excellent performance (Merckx et al., 2011; Peterson et al., 2011; Duan et al., 2014) . Additionally, we investigated model robustness by computing the test-AUC standard deviation (SD) and the difference between the train-AUC values of each species' final SDM (SDM f ; using all presences) and the mean test-AUC values of the SDMs ( Table 2) . Low test-AUC SD and/or small difference between the train-AUC and mean test-AUC values indicate model robustness (Herkt et al., 2016) .
Currently there is an open discussion about the reliability of AUC to measure the performance of models based on presenceonly methods, and several authors advocate combining different model performance criteria to have a more robust evaluation of the results (Lobo et al., 2008; Merow et al., 2013; Radosavljevic and Anderson, 2014) . To have a complementary measure of model performance we calculated the true skill statistic (TSS), which is similar to the well-known Kappa statistic (Fielding and Bell, 1997; Allouche et al., 2006) . Similarly to the Kappa statistic, TSS reflects the rate of false positive and negative predictions, but has the advantage of not being sensitive to the frequency of presence points (Allouche et al., 2006) . Allouche et al. (2006) defined TSS as: TSS = sensitivity + specifity − 1 with sensitivity translating the proportion of observed presences that are correctly predicted as presences, and specificity as the proportion of observed absences that are correctly predicted as absences. Similarly to Kappa, the TSS can assume values between −1 and 1 and values of TSS < 0.2 can be considered as reflecting poor model predictive performance, 0.2 ≤ TSS < 0.4 as fair, 0.4 ≤ TSS < 0.6 moderate, and TSS ≥ 0.6 as good to excellent performance (Landis and Koch, 1977) . As TSS is thresholddependent, the suitability scores returned by MaxEnt must be converted in binary values using a threshold for predicting presence, which was done internally in biomod2 by testing a range of possible threshold values and selecting the value that maximized TSS.
Species Richness Maps
As we were also interested in identifying areas and seasons with conditions for increased cetacean biodiversity, we produced monthly (April-September) cetacean species richness maps. These maps were created by combining (stacking) the individual species prediction maps created in MaxEnt, to produce stacked species distribution models (S-SDMs) for each month evaluated in this study.
Usually, S-SDMs are built by creating binary (present or absent) distribution maps for each species and then calculating the number of predicted species present in a given site . It is clear that the selection of the threshold to transform the continuous outputs from individual SDMs into binary values can heavily influence the predictive performance of the resulting S-SDMs. Thus, this approach must be only used when there is good ecological information to support the choice of the threshold value (Benito et al., 2013) . Additionally, since S-SDMs do not account for negative biotic interactions (such as competition and inhibition), the practice of summing binary SDMs tends to lead to overprediction of species richness (Algar et al., 2009; Dubuis et al., 2011) . Calabrese et al. (2014) and D'Amen et al. (2015) present convincing evidence that simply summing the per-site predictions of occurrence probabilities from individual SDMs is preferable to the widespread practice of setting arbitrary thresholds to obtain binary predictions and then combining those into a S-SDM.
Here we used the software ENM Tools (Warren et al., 2010) to standardize habitat suitability scores from each species prediction maps so that all scores within the geographic space summed to 1, making predictions comparable among SDMs. The resulting processed maps were then combined in ArcGIS by summing the standardized raw scores from equivalent cells to create the final monthly species relative richness maps. These maps do not intend to give an estimate of how many species are present in a given site, but only where cetacean richness is expected to be higher when compared to adjacent areas.
RESULTS
After quality control and spatial filtering, 84.5% of the sightings (2878) were retained (Table 2; Figure 1 ). Of these, nearly 73% belonged to three species: sperm whale (11.7%); Atlantic spotted dolphin (25.3%); and short-beaked common dolphin (35.9%). Of the 16 SDMs, 14 were based on 20 occurrences or more, and the remaining on more than 10 occurrences ( Table 2) .
The majority of the SDMs presented moderate to good discrimination power, with test-AUC scores ≥0.7 (n = 11), and TSS scores ≥0.4 (n = 12) ( Table 2) . Overall, there was good agreement among the two metrics: models with low test-AUC scores tended to also have low TSS values (although always well above 0.2), moderate test-AUC corresponded to moderate TSS values and the highest test-AUC scores tended to correspond to high TSS scores ( Table 2) . However, based on the TSS scores, only one model (for the blue whale) was considered as having above than moderate performance, compared to three models based on the test-AUC scores ( Table 2) .
The difference between mean AUC values from test-SDMs and the corresponding training AUC from the SDM f was low (mean: 2.9%; median: 2.3%; Table 2 ) and most models had low test-AUC SD, comparable with similar multi-species studies (e.g., Herkt et al., 2016) , indicating overall model robustness.
From the 18 variables initially considered, only half had a permutation importance score >5 and were considered as having a meaningful role in defining the environmental niche for the species (please refer to Supplementary Material S1 for definition of permutation importance and its use in variable selection). No single variable was retained in all models. The variable most commonly retained in the models was distance to shore (retained in 12 models), followed by the time-lagged Chlorophyll-a local variation 2 months prior to the sighting month (9 models), and Chlorophyll-a concentration from the previous month to the sighting date and nighttime sea surface temperature (8 models each). The remaining variables were retained in 2-6 models ( Table 3) .
DISCUSSION
Interpretation of Models
Giving full treatment of each species here is unpractical and beyond the scope of this work. Instead we summarize the main findings for four functional species groups according to phylogeny and ecology: (1) baleen whales (genus Balaneoptera); (2) sperm and beaked whales (genera Physeter, Mesoplodon, Hyperoodon, and Ziphius); (3) small Delphinids (genera Delphinus, Stenella, and Tursiops); and (4) large Delphinids (genera Globicephala, Grampus, Orcinus, and Pseudorca). Where relevant we highlight important results of individual taxa.
As an illustrative example, we present the model projections of potential species distribution for the Atlantic spotted dolphin in Figure 2 . All 96 monthly (April-September) maps of potential species distribution based on the MaxEnt final SDMs, as well as the 34 maps for species richness are freely available online as raster grid files from the Pangaea database: https://doi.org/10.1594/PANGAEA.864511.
Baleen Whales
The spatio-temporal patterns of the four species in this group were quite variable, probably due to different dietary preferences, energetic requirements, and species migratory behaviors. Potential distribution for the minke whale (Balaenoptera acutorostrata) was essentially homogenous throughout the region and the period analyzed. The model for that species was chiefly driven by local variation in the night-time sea surface temperature and, at a much lower extent, by depth (Table 3) . These results are in line with results reported by Silva et al. (2014) who did not find any apparent seasonal pattern for the species from stranding records. However, the model had the lowest AUC scores of all models and also one of the lowest TSS scores, and should be interpreted with reserve. Blue (B. musculus) and fin (B. physalus) whales' potential habitat differed seasonally with a strong latitudinal component, driven in great part by temporal variation in the primary productivity in the region, but also water temperature in the case of the fin whale. In contrast to the blue and fin whale models, the sei whale (B. borealis) model did not retain variables related to primary production ( Table 3) . In combination these results agree with previous work suggesting that the region may play different ecological roles for migrating baleen whales, being a foraging area for blue and fin whales but only a transit area for sei whales (Silva et al., 2013; Prieto et al., 2014) . A more in-depth interpretation of the models for the blue, fin and sei whale is given in Prieto et al. (2016) .
Sperm and Beaked Whales
Sperm (Physeter macrocephalus) and beaked whales are all deep diving cetaceans and are often considered to be essentially teutophagous (Mead, 2002) . However, recent research has shown that beaked whales may show dietary plasticity (MacLeod et al., 2003) . In the Azores, the diet of Sowerby's beaked whale (Mesoplodon bidens) is composed essentially of meso-and bathypelagic fish, with little contribution from cephalopods (Pereira et al., 2011) . Night-time sea surface temperature was retained in the models of all species in this group and, apart from the sperm whale, was highly influential in the models consistent with a seasonal presence of beaked whales in the region (Table 3) . From combined survey and stranding data Silva et al. (2014) report an almost year-round presence of Mesoplodon and Cuvier's (Ziphius cavirostris) beaked whales, with a peak in summer months. The same authors recorded the presence of the northern bottlenose whale (Hyperoodon ampullatus) only during the summer months. These results are in agreement with our results that show improving habitat conditions for all beaked whales with progression of the summer months. Beaked whales can be considered cryptic, as sightings of this group are heavily affected by sea conditions (e.g., Waring et al., 2008) . The apparent improvement of habitat suitability with progression of the season predicted by the models can be an artifact of higher detectability during summer months. The model for the Cuvier's beaked whale had the largest drop in AUC mean value of test-SDM when compared with the AUC of the SDM f (11.5%). Thus, predictions based on this model should be interpreted with some reserve. The sperm whale model had the highest number of variables retained among all models ( Table 3 ), indicating that their environmental niche in the region is dependent on the combination of several conditions, possibly related to different life-history requirements. The variable that contributed most to the sperm whale model was the time-lagged Chlorophyll-a local variation (2 months prior to sighting month), which may be an indication that they associate with oceanographic structures that enhance biological productivity. Chlorophyll concentration of the prior month to the sighting month was also included in the model. Other studies have found primary productivity to be a good predictor of sperm whale distribution, despite being a distal predictor due to large spatial and temporal lags between the onset of primary productivity and cephalopod presence (Jaquet, 1996; Jaquet and Gendron, 2002; Praca et al., 2009 ). Morato et al. (2008b) report that sperm whale sighting frequencies in the Azores were not influenced by distance to seamounts. In contrast, Waring et al. (2008) report that sightings of sperm whales made along the mid-Atlantic ridge in the summer of 2004, were usually made at the tops of seamounts and rises. This apparent contradiction may be due to the effect of differing feeding ecologies of male and female sperm whales. Most of the sperm whale sightings reported by Waring et al. (2008) were made north of 50 • North, where only male sperm whales are supposed to occur (Whitehead, 2009) . While female sperm whales feed mostly on cephalopods, males have a more catholic diet that may include large demersal fish (Whitehead, 2009) . Our results are in agreement with those reported by Morato et al. (2008b) , seamount presence was not retained in the sperm whale model 
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The final permutation importance reported by MaxEnt for each variable (PI; please refer to Supplementary Material S1 for explanation) is presented, along with the number of models (n) using that variable and the mean and median variable PI values across models. Variables not selected in any model were not included in this table. Please refer to the main text for variable acronyms. Types of functions: linear (L), quadratic (Q), product (P), hinge (H). (or in any other model for that matter). However, seamount density was retained in the model, with a reasonably high permutation importance (13.7; Table 3 ). In fact, the potential distribution maps for the sperm whale highlight some seamount complexes as preferential habitat, especially during spring and early summer months. One possible explanation for the retention of this variable in this and other models is that seamount density reflects increased topographic complexity that may be important at creating physical processes that aggregate enough productivity to attract visitors (Morato et al., 2015) .
Small Delphinids
All models for the small dolphins retained distance to shore and time-lagged Chlorophyll-a local variation (Table 3) . Our results highlight a succession pattern in the seasonality of the common (D. delphis) and spotted (Stenella frontalis) dolphins that had already been detected by Silva et al. (2014) . Both species present a marked seasonality, but while the potential distribution of the common dolphin compresses with the progression of the summer, the potential distribution of the spotted dolphin expands. Silva et al. (2014) suggested that the phenomenon could be related with the effect of the warming water on prey distribution, or to strategies for reducing interspecific competition for prey. The retention of SST and Chl-a derived variables in both models does not allow to identify which of these mechanisms may be at play. As the season progresses the potential distribution of the common dolphin becomes restricted to some seamount complexes, indicating that seamounts may play an important role in maintaining conditions for the occurrence of the species in the region throughout the year. Morato et al. (2008b) report that the common dolphin was significantly more abundant in the vicinity of shallow seamounts, supporting our results. The model for the striped (S. coeruleoalba) shows a strong variation of the potential habitat with season. Silva et al. (2014) report an almost continuous presence of the striped dolphin in the Azores, with higher encounter rates between May and July. Our results indicate that the distribution of the striped dolphin is strongly influenced by water temperature, as night-time sea surface temperature was the most important variable in that model (Table 3) . This result might explain the higher encounter rates in early to mid-summer detected by Silva et al. (2014) .
The bottlenose dolphin (Tursiops truncatus) model also indicates an effect of the season on the distribution of the species. As expected from the presence of resident animals near the islands (Silva et al., 2008) , physiographic variables (distance to shore and depth) were influential in the bottlenose dolphin model, along with variables indicative of productivity distribution (Table 3) . However, our model shows an expansion of the potential habitat to offshore areas up to August, and then a contraction in September. Silva et al. (2008) report a complex pattern of residency for the bottlenose dolphin in the Azores, including residents, transients and temporary migrants. Despite a continuous presence in the region, Silva et al. (2014) reported that encounter rates with the bottlenose dolphin "varied greatly between months, " and suggested that fluctuations in encounter rates might be caused by the temporary immigration of non-resident [transient] dolphins. According to Silva et al. (2008) , resident bottlenose dolphins have small, near-shore, home-ranges in disagreement with the expansion of the potential habitat predicted by the model. However, large-scale movements among islands and to offshore banks were recorded for non-resident bottlenose dolphins (Silva et al., 2008) . The study by Silva et al. (2008) could not test for an effect of season on the occurrence of large-scale movements but the authors hypothesized that these movements were a response to the low density and patchy distribution of prey. Seasonal immigration of transient bottlenose dolphins combined with wider ranging behavior by non-resident dolphins during part of the year could explain the fluctuations in the extent of potential habitat predicted by our model for the species.
Large Delphinids
The predictions for the four species in this group varied substantially. Based on their feeding ecology, the Risso's dolphin (Grampus griseus) and the short-finned pilot whale (Globicephala macrorhynchus) can be considered more similar to each-other, as they are both deep divers and prey preferentially on cephalopods (Baird, 2009a; Olson, 2009 ). On the other hand, the killer whale (Orcinus orca) and the false killer whale (Pseudorca crassidens) are both top predators with generalist diets that can include cephalopods, large fish and also marine turtles and other marine mammals (Baird, 2009b; Ford, 2009 ). The Risso's dolphin model indicates an expansion of the potential distribution up to June and then a contraction after that month. Coastal habitats, however, seem to be important during most of the period, which may be related to the presence of resident groups using these areas as foraging, calving and nursing habitats (Hartman et al., 2014 (Hartman et al., , 2015 . In contrast, the short-finned pilot whale model indicates a potential distribution that is spatially and temporally homogeneous. However, the short-finned pilot whale model had poor performance, based both on the AUC and TSS scores, and should be interpreted with reserve. Additionally, and despite our data quality control, it cannot be ruled out that some sightings attributed to this species are in fact of its sister species (Globicephala melas), that sometimes is seen in the region and is almost indistinguishable from the short-finned pilot whale at sea (Prieto and Fernandes, 2007) . The killer whale model was chiefly influenced by seamount density and, to a much smaller extent distance to shore, with no temporal pattern being detectable. Based on combined sighting and strandings data, Silva et al. (2014) also failed to detect any temporal trend for this species. Finally, the false killer whale model shows a potential distribution highly influenced by the mid-Atlantic ridge and seamounts or seamount-like structures.
Cetacean Richness
When all species are considered together, the distribution of areas with increased relative species richness is somewhat diffuse, showing great spatial and temporal variation (Figure 3) . This is not surprising taking into consideration the wide differences in trophic ecology and natural history among the 16 taxa and the fact that most species in this study have predominantly pelagic habits. Not surprisingly, since it was based in the same dataset, the encounter rates maps in Silva et al. (2014) also show a great heterogeneity in the distribution patterns of cetaceans in the region. However, our models show seasonal effects that could not be detected with the methodology utilized by Silva et al. (2014) .
Pelagic habitats are a function of complex oceanographic processes that can be highly dynamic in space and time (Hazen et al., 2013; Scales et al., 2014) . Pelagic features can be classified in three categories according to their predictability: static bathymetric, persistent hydrographic and ephemeral hydrographic features (Hyrenbach et al., 2000) . Most marine top predators are known to track productivity associated with meso- and sub-mesoscale oceanographic structures (fronts, eddies, and filaments) that are often transient in nature (Tew Kai et al., 2009; Scales et al., 2014) . However, static seabed features may influence and even originate persistent hydrographic features, which can lead to the creation of predator hotspots . That effect is apparent from our predictions, more notably for small and large dolphins, over the seamount complex located southwest of the central group of islands in the Azores, identifiable by the 1000 m isoline (Figures 5, 6) .
The richness maps organized by functional groups (Figures 4-7) offer a more focused perspective, helping to better interpret the results.
The relative species richness maps from all baleen whale models combined are marked by the strong latitudinal component from the individual blue and fin whale models. The combined predictions do not show any evident affinity of baleen whales as a group to specific oceanographic or topographic but the latitudinal progression of conditions is clearly seen when comparing predictions for spring and summer months (Figure 4) .
The maps of relative species richness for small and large Delphinids show the likely influence of transient oceanographic structures, translated by temporary sites of increased richness with filamentous or circular configuration. However, for both groups the species richness is increased also in coastal zones of some of the islands and, as mentioned earlier, around and over seamount complexes, as in the case of the seamounts just southwest of the central group of islands, but also around other seamount and seamount-like structures (Figures 5, 6) .
Combined sperm and beaked whale richness seems to be also increased by transient oceanographic features, seen as temporary sites of increased richness with filamentous or circular configuration (Figure 7) . There seems to be an apparent, although difficult to discern, effect of seamount complexes in increasing richness for this group (Figure 7) . However, and unlike the results for most of the dolphins, the sperm and beaked whales models show lowest habitat suitability in the shallowest areas over seamounts and seamount-like structures, as well as coastal areas. Instead, the richness appears to increase in deeper waters, which is in agreement with the deep diving habits of the taxa in this group (Figure 7) .
Overall, the relative species richness maps highlight the fact that cetaceans utilize large areas and actively seek dynamic oceanographic features believed to be associated with increased biological productivity, making the identification of delimited priority areas a complex task. However, our results do show areas that hold increased species richness, such as some seamount complexes and coastal areas around islands, deserving special treatment regarding management of human activities that may threaten cetaceans.
Performance and Caveats of Models
By choosing a modeling technique specifically designed to handle presence-only data (MaxEnt), carefully implementing a data quality control and tuning models for each species individually, we were able to build plausible habitat suitability models, using existing sighting data collected with a consistent methodology by an observer fisheries program (POPA).
Model evaluation metrics indicate that, overall, models had reasonable performance, and are useful both for ecological studies and to support decision making. The majority of the models showed moderate discrimination power (based on test-AUC values and the true skill statistic) and appropriate robustness (based on prevailing low SD in test-AUC values and small differences between AUC from the SDM f and test-AUC). However, there is ample space for improvement in future revisions of these models.
Data quality control dictated that some models had to be fitted with low number of occurrences (<20). Although MaxEnt has been repeatedly shown to perform well at small sample sizes, models using few occurrences can yield inconsistent results (Wisz et al., 2008; Aguirre-Gutiérrez et al., 2013) . Additionally, we could only carry out internal evaluations of performance as no independent dataset was available. Ideally spatially independent data should be used for evaluating model performance, since performance metrics are inflated by the effect of spatial autocorrelation between training and test data (Bahn and McGill, 2013) . It is likely that the performance metrics we used are positively biased, by the combined effects of small sample size and the lack of an independent test dataset (Randin et al., 2006; Bean et al., 2012) . We intend to address those issues in future revisions of the models.
An important, although subjective, part of model evaluation is visually examining fitted functions and mapped projections to detect unexpected model responses or predictions (Elith et al., 2010) . As mentioned above, we carefully inspected fitted functions plots (partial dependence plots; Supplementary Material S2) as part of the tuning process (detailed in Supplementary Material S1) and evaluated the ecological coherence of the function plots for each variable and species. Despite some minor artifacts, the mapped projections did not produce any unrealistic patterns, improving our confidence on the models. Nevertheless, when creating the models we had to make some assumptions that may have affected the estimation of the relationships with environmental covariates, at least for some species. Due to small sample sizes, we could not subset the data to create seasonal models; instead we created a single model for each species and then projected that model onto the environmental conditions of different months. In doing so, we assumed that the habitat preferences of the species do not drastically change with time. If that assumption is not met the relationships estimated by the models may be biased. Granted more sightings are available, this issue can be investigated and addressed in the future by creating models for distinct seasons.
There may also be an effect of using climatologies to project the models that could potentially affect predictions. Since the data from dynamic variables used to fit the models were quasicontemporaneous (same month) to the sightings, these data will present more variability than the climatologies used to project the models (which will smooth out interannual variability). In extreme cases that effect could be an issue because the predicted habitat suitability will tend to be underestimated (or overestimated). For example, if a variable was low for most of the years and high in 1 year, and if the species was present only in that particular year, the model would fit a relationship to that variable and depending on the modeled relationship the predictions could be unreasonable. The predictions could indicate that the habitat suitability for the species in the region is low (due to the smoothing effect of the climatologies), when in fact it would be high during years with more extreme conditions. This issue would be more concerning for species for which the Azores are positioned in the limits of their geographical range, such as the Bryde's whale (Balaenoptera edeni), the Fraser's dolphin (Lagenodelphis hosei) and the rough toothed dolphin (Steno bredanensis), all tropical species that are rare visitors to the region . However, we did not include species considered as rare visitors to the region in this work. We find highly unlikely that our models were fit to extreme values, because all species for which models were fit were present in multiple years.
To the best of our ability, we tried to follow the principle of using explanatory covariates that are reasonably proximal to the target species (Austin, 2002) . For example, we included water temperature (NSST) as a covariate in our models because cetacean distribution is highly influenced by thermal preferences (MacLeod, 2009; Lambert E. et al., 2014) . Additionally we implemented a methodology for eliminating variables with marginal predictive importance, in order to obtain the most parsimonious SDMs possible. However, we were limited by the currently available variables. Prey abundance and quality directly influence cetacean distribution, and as such should ideally be included in SDMs as proximal predictors (Guisan and Zimmermann, 2000; Young et al., 2015) . However, that information was not available and it can take years before it will be. Instead, we used Chlorophyll-a (Chl-a) and the derived variables as proxies for prey distribution. These variables may have limited explanatory power due to potential large lags between oceanographic processes and biological response of cetacean prey, especially in the case of upper trophic level cetaceans (Lambert C. et al., 2014) . In the future we intend to integrate prey data by fitting a 3-dimentional model for midtrophic organisms to the Azores pelagic ecosystem conditions and then nesting it into our own SDMs (Lehodey et al., 2010; Lambert C. et al., 2014) .
We also intend to include a wider range of dynamic covariates, once they are available, in order to identify areas of predictable or persistent oceanographic activity that are potentially important for cetaceans and that were not detected with our original set of covariates. For example, the inclusion of fine-scale information on circulation patterns derived from models tunned at the regional scale (e.g., Sala et al., 2015) could help interpreting some of the spatial patterns and variability shown by the models.
CONCLUSIONS
High-resolution species distribution data for marine taxa are still scarce but essential in ecosystem functioning research and to implement ecosystem-based management through marine spatial planning (MSP) (Beck et al., 2012; Shucksmith et al., 2014) . Here we present the first SDMs for 16 cetacean taxa at the scale of the entire Azores archipelago up to 150 nautical miles from shore, at a fine spatial resolution. We also produced cetacean relative richness maps that may both inform MSP efforts by highlighting discrete important areas for cetaceans and help identify potential local processes influencing large-scale macroecological patterns (Belmaker and Jetz, 2011) .
Species distribution models are valuable in identifying areas that can be effective in protecting marine predators (Pérez-Jorge et al., 2015; Young et al., 2015) . Our models show areas (namely near or over seamounts) that appear to hold favorable conditions to the occurrence of some of the species investigated in this study, especially among dolphins. These areas should deserve special attention when considering MSP actions. Nevertheless, our results also highlight the fact that cetacean distribution can vary widely at relatively short periods of time as they track dynamic oceanographic structures. Any effort at protecting cetaceans and their habitats must take the temporal dimension into account. Dynamic ocean management (DOM) is a relatively recent concept that aims to refine the temporal and spatial scales of managed areas by integrating near-real time biological, oceanographic and socio-economic data (Maxwell et al., 2015) . We acknowledge that DOM still faces several challenges for widespread application as it has only been tested on a few systems and for few species, and requires a large amount of resources (Maxwell et al., 2015; Mills et al., 2015) . However, we argue that we must take steps in the direction of integrating DOM with more traditional MSP approaches if we are to effectively protect pelagic species with very dynamic distributions, especially in face of predicted effects of climate change (Fulton et al., 2015) .
Our models provide a new baseline regarding the spatial and temporal distribution patterns of cetaceans in a vast area of the Azores marine ecosystem. However, they lack some essential information about species density and abundance. In the future, efforts should also be made to regularly collect data under conditions that enable the application of more sophisticated modeling techniques such as density surface modeling (DSM) and multi-species DSM (Kissling et al., 2012) . Data for other seasons are also lacking and efforts should be made to fill that gap.
At the core of the SDMs presented here are the data collected by POPA. Despite not being designed as a cetacean monitoring program, POPA has two great advantages: it is a long-term dataset and follows a consistent methodology. As this work has shown, using data collected from fisheries observer programs such as POPA can be a cost-efficient way of developing robust SDMs. In the future, we also plan to explore the possibility of applying novel field and statistical methods to enable using POPA sighting data to provide reliable estimates of cetacean abundance and density (Williams et al., 2006; Paxton et al., 2011; Isojunno et al., 2012) . 
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